Quantifying cumulative arm muscle fatigue is a critical factor in understanding, evaluating, and optimizing user experience during prolonged mid-air interaction. A reasonably accurate estimation of fatigue requires an estimate of an individual's strength. However, there is no easy-to-access method to measure individual strength to accommodate inter-individual differences. Furthermore, fatigue is influenced by both psychological and physiological factors, but no current HCI model provides good estimates of cumulative subjective fatigue. We present a new, simple method to estimate the maximum shoulder torque through a mid-air pointing task, which agrees with direct strength measurements. We then introduce a cumulative fatigue model informed by subjective and biomechanical measures. We evaluate the performance of the model in estimating cumulative subjective fatigue in mid-air interaction by performing multiple cross-validations and a comparison with an existing fatigue metric. Finally, we discuss the potential of our approach for real-time evaluation of subjective fatigue as well as future challenges.
INTRODUCTION
Recent advances in sensing technologies have produced lowcost human motion tracking methods (e.g., MS Kinect, Leap Motion), and these methods are being leveraged to study and adopt natural human motion for the design of mid-air interactions in various environments (e.g., AR/VR [37, 40] , medical operations [36] , gaming [33] , and virtual design [54] ). Physical ergonomics is an important design factor for midair interaction [8, 26, 30] . In particular, arm fatigue -the * School of Electrical and Computer Engineering (by courtesy) Permission to make digital or hard copies of all or part of this work for personal or classroom use is granted without fee provided that copies are not made or distributed for profit or commercial advantage and that copies bear this notice and the full citation on the first page. Copyrights for components of this work owned by others than ACM must be honored. Abstracting with credit is permitted. To copy otherwise, or republish, to post on servers or to redistribute to lists, requires prior specific permission and/or a fee. Request permissions from permissions@acm.org. so-called "Gorilla arm" effect [2] -is known to negatively impact user experience and hamper prolonged use of mid-air interfaces. Fatigue is a complex phenomenon defined as the decline in maximal force or power capacity of muscle due to sustained activation [20] . This means that sub-maximal forces, such as those encountered in most mid-air interactions, can be sustained for extended periods even as fatigue accumulates. However, users will typically perceive the accumulation of fatigue (i.e., feel the arm getting heavier), and this may negatively impact their experience. Furthermore, subjective fatigue and its perceived intensity are influenced not only by the task demands and the individual's current physiological state, but also by the history of the individual's movement choices. Consequently, models estimating the current fatigue of a user must be based on continuous measurement of the ongoing interaction. Although the term "Arm fatigue" appears in more than 300 publications in HCI over the last decade, we do not have good predictive models of cumulative fatigue that account for variable and intermittent periods of interaction.
Another practical issue in quantifying muscle fatigue is the measurement of an individual's maximal strength. The fatigue rate for a given task depends on the proportion of muscular strength that the task consumes. Naturally, fatigue estimation requires the quantification of an individual's maximal ability [19] , and biomechanists typically achieve this by recording the maximal forces (or joint torques) that the subject can produce under isometric conditions [34, 41, 44] . However, these measurements require expensive force sensors and specialized test rigs, making sensor-based strength measurements impractical for HCI research.
Lastly, physiological and psychological human factors both influence fatigue [20] , and thus, user experience as well [28] . To better evaluate and understand the effect of fatigue on user experience, we need congruent models that account for both influences [28, 32] . Current models to quantify fatigue are mostly informed by direct measurements of forces or physiological signals (e.g., movement dynamics, muscle forces), and rarely account for the perceived effect of fatigue accumulation. These direct measurements are invasive, require specialized equipment, and therefore, are not practical for implementation in HCI. Subjective fatigue evaluation (e.g., Borg scales [11] ) requires no set-up and provides useful information of the user experience. However, direct verbalization and reporting is necessary, which, again interferes with the user's interactive experience. Thus, existing objective and subjective methods for evaluating fatigue can be cumbersome and invasive as multiple recordings are required during tasks.
In HCI, researchers recently investigated the role of muscle fatigue [7, 8, 30] . However, previous work mostly considers instantaneous muscle contractions, and thus cannot quantify cumulative muscle fatigue. Also, previous work is informed by physical measures (e.g., muscle forces and torques), and does not quantify fatigue perception, which is necessary for the accurate evaluation of user experience during interaction. This paper addresses the above-mentioned issues in evaluating cumulative arm fatigue during mid-air interaction. First, we propose a simple and effective method to estimate an individual's maximal shoulder torque using a mid-air pointing task. We use a camera-based skeleton tracking system to capture arm movements, and then compute the shoulder-joint forces and torques during the pointing task, which subjects perform till volitional failure. Then, we use the IntensityEndurance Time curve [41] to estimate the maximum shoulder torque without a direct force or torque measurement. Intensity is the ratio between the maximum and current torque exerted at the shoulder. Endurance time (ET) is the duration of muscular exertion before the volitional failure. We validate our indirect maximum torque estimation method via comparisons with direct measurements obtained with a force sensor.
Second, we introduce a method to quantify cumulative arm fatigue based on the three-compartment muscle model (TCM) [56] . The model allows muscle units to be in either an active (M A ), fatigue (M F ), or rest (M R ) state and defines state-transition rules. This enables quantification of cumulative fatigue when both task and rest periods appear during interaction. By optimizing the free model parameters to minimize the difference between the model and userreported estimates of perceived fatigue, we account for both physical and psychological processes that influence perceived fatigue. We investigate the performance of the model in predicting subjective fatigue in mid-air pointing tasks through cross-validations and a comparison with an existing metric.
Our contributions include: (1) a simple and effective method to estimate the maximum shoulder torque through a mid-air pointing task; (2) a cumulative fatigue model that estimates subjective fatigue using movement kinetics measured during ongoing mid-air interaction; (3) experimental validation of the cumulative fatigue model for estimating subjective arm fatigue; and (4) a procedure for modeling the cumulative fatigue that accounts for subject specificity of muscle fatigue. Below, we describe related work, techniques, experimental methods, and the analysis of experimental results. Our findings show the potential of the model in predicting subjective fatigue in mid-air interactions. We discuss the challenges for further developing the model to quantify arm muscle fatigue derived from subjective and biomechanical factors.
RELATED WORK
Here we review prior work related to objective and subjective evaluation of muscle fatigue, cumulative fatigue models, and muscle fatigue evaluation for mid-air interactions.
Objective Fatigue Evaluation
Muscle fatigue is quantified based on changes in various physiological quantities such as muscle activation (measured using electromyography (EMG) [14] ), intra cellular acidosis [55] , arterial oxygen [3] , blood pressure [49] , and heart rate [48] . Such invasive methods are impractical for HCI.
Another method uses a measurement of maximum muscular strength. The maximum capacity of muscular exertion is defined as the "maximum voluntary contraction (MVC)", and it is commonly expressed as a force (N ) or a torque (N · m). Reduction in MVC during a continuous task is considered as a reliable assessment of muscle fatigue. Biomechanists commonly measure MVC using force sensors in specialized test rigs (e.g., [1, 29, 47] ). However, such set-ups are invasive, not easily accessible, and impractical for evaluating muscle fatigue during HCI tasks.
Ratings of Perceived Exertion
There are several psychometric scales commonly used for evaluating subjective fatigue such as Likert scale [13] , NASA-TLX [27] , VAS (visual analog signal) [9] , and ratings of perceived exertion (RPE) [12] . Such subjective evaluation based on the muscular sensation is also a result of physiological changes [4] , and it should be carefully considered in evaluating muscle fatigue. The Borg RPE scales, given their reproducibility and sensitivity [12] , have been extensively used in psychological evaluation of muscle fatigue as a complement to physiological measures in various field of research (e.g., sports [21] , medicine [43] , ergonomics [10] ). Borg CR10 [12] is a categorical rating with ratio properties (0∼10 points), and it has been used to assess perceived exertions in body parts such as the hand and the arm [22, 39, 51] . The Borg CR10 scale uses verbal anchors and numbers to map the magnitude of exertion to a scalar invariance scale.
Several studies have shown that the Borg CR10 scale is strongly correlated with objective measures, such as EMG [17, 53] , and that it is reliable at lower levels of force exertion (e.g., holding a weight less than 2∼3 kg [44] ). This makes the Borg CR10 scale particularly suitable for evaluating fatigue in mid-air interaction, where relatively little or no external load is exerted on the arms (bare-hand interactions).
Cumulative Muscle Fatigue Model
Due to the analytic complexity of describing fatigue, few models are available to properly quantify muscle fatigue. The Endurance Time (ET)-Intensity curve (e.g., Rohmert's curve [46] ) has been extensively used to empirically model the effect of fatigue on the task endurance time in static exertion tasks. Although this approach is useful in estimating fatigue-induced ET, it cannot be used for more complex tasks involving dynamic load conditions or recovery during rest periods. Liu et al. [38] proposed a dynamic muscle model based on three muscle states: rest (M R ), active (M A ), and fatigue (M F ). However, this model has only been validated under constant, maximum effort, and thus it is not generalizable to dynamic load conditions such as arm movements interspersed with rest periods. Xia et al. [56] proposed a threecompartment muscle (TCM) model by introducing a feedback controller term between the active (M A ) and rest (M R ) muscle states. More recently, Frey-Law et al. [24] validated the TCM model in estimating ET under static load conditions, and obtained a set of joint-specific model parameters. This enables the model to predict the muscle activation states under various task conditions (i.e., static and dynamic load conditions). However, their validation was still limited to static load conditions. Sonne et al. [50] further experimentally validated the performance of the TCM model in predicting fatigue during grasping and thumb contraction tasks by providing a task-specific, optimized fatigue model. Similarly, we optimize the TCM model for estimating shoulder joint fatigue. Also, we optimize the model using both subjective fatigue ratings and movement kinematics. Once optimized, our model estimates previously unseen subjective fatigue levels based only on kinematic measurements. We are not aware of any prior work that achieves this.
Quantifying Muscle Fatigue in Mid-Air Interactions
In HCI, there are two closely related studies on quantifying arm fatigue during mid-air interaction. Consumed Endurance (CE) [30] is an easy-to-implement metric for estimating ET in mid-air selection tasks. The authors showed a strong correlation between CE and the Borg scale. Yet, CE is based on Rohmert's ET curve [46] , which is only valid for static load conditions, and thus CE does not consider rest and its effect on cumulative fatigue [56] . Also, CE is assumed to be zero at exertion levels below 15%. This controversial assumption [23, 41] limits use of CE for evaluating mid-air interaction with low exertion levels. CE also uses generic maximum shoulder torque values, even though shoulder strength is subject-specific [41] . In contrast, we propose a novel method to measure an individual's maximum shoulder torque that does not require expensive sensors, and which shows strong agreement with traditional, contact-based measurements.
Bachynsky et al. [7, 8] introduced a biomechnical simulation to evaluate muscle activation. This work showed the potential of simulation-based approaches to quantify the effect of fatigue on the design of touch-based and mid-air interactions. However, the simulation only considers muscle contractions in a static optimization, and thus cannot quantify cumulative muscle fatigue. Also, Bachynsky et al. [6] observed that their simulation output does not correlate well with subjective fatigue measures. This makes their simulation results less comparable with our model estimates.
Unlike existing approaches, we consider cumulative arm fatigue involving both interaction and rest periods without limiting the range of exertion. Furthermore, our model quantifies the user's perception of fatigue, which is likely more directly related to the user experience during mid-air interaction.
ESTIMATING ARM MUSCLE FATIGUE
Here we describe our method for quantifying arm fatigue by introducing three-compartment muscle model, biomechanical arm model, and maximum shoulder torque estimation.
Three-Compartment Fatigue Model
We introduce the three-compartment muscle (TCM) model for estimating active, rest, and fatigue muscle states (see [24, 56] for more details). The TCM model assumes that the motor units involved in a task can be in one of three possible states: active (motor units receiving neural activation and contributing to the current task), fatigued, (fatigued motor units without activation), or resting (inactive motor units that are not required for the current task). Figure 1 shows the three muscle unit states, and the relations between them. M F (%) is the proportion, or 'compartment' of motor units that are currently in fatigued state, M A (%) is the compartment of active motor units, and M R (%) is the proportion of motor units at rest. Each compartment of motor states is expressed as a percentage of the maximum voluntary contraction (%MVC). Since motor-unit recruitment is binary (they are either contracted or not), M A = 100% indicates that all motor units are recruited for a MVC task. A sub-maximal task implies M A < 100%. The three motor unit states are related as:
where F and R, are the model parameters defining the rate at which active motor units are fatiguing, and the rate at which fatigued motor units recover and enter the rest state, respectively, and C(t) is motor unit activation function defined as:
where T L is the target load defined as a torque ratio [T current /T max ] * 100(%), L D is the muscle force development factor, and L R is the relaxation factor. The last two parameters are set to 10 based on the sensitivity analysis by Frey-Law et al. [24] .
Model Fitting
We used the optimization toolbox in MATLAB to optimize the TCM and to identify the model parameters (F and R) for mid-air interaction. The pattern search method [5] was used to minimize the root mean squared errors (RMSE) between the perceived exertion (Borg scale ratings) and the size of the fatigued motor unit compartment (M F ):
where n is the number of fitting data, M F (i) is the fatigue level estimation, B(i) is the Borg scale rating, and the upper and lower bounds of the parameters are defined as F lb = Sensing and Input CHI 2017, May 6-11, 2017, Denver, CO, USA R lb = 0.001, F ub = 0.0182 * 100, and R ub = 0.00168 * 100.
The upper bounds are defined by multiplying the constant parameters recommended by Frey-Law et al. [24] with 100. We assume a linear relationship between the Borg scale and %MVC (proportion of current and maximum torque) based on a review of their relationship [42] . φ(·) is a linear function mapping the fatigue estimation M F (i) to the Borg scale. We define the linear mapping as φ(x) = 0.0875 * x. This means a value of '8' in Borg CR10 scale is equivalent to 90% of M F .
Sensitivity Analysis of Fatigue Estimation
Since we target the use of off-the-shelf vision-based skeleton tracking systems (e.g., Kinect), we need to deal with the fact that such tracking is more susceptible to noise and jitters compared to marker-based tracking systems (e.g., Vicon, OptiTrack). Therefore, we tested the sensitivity of the TCM model to the presence of severe noise. Simulation results (see Figure 2 ) showed that the model is relatively insensitive to jitters and errors in torque estimation (mean absolute error, M= 1.00, SD=0.98 in %MVC).
Biomechanical Upper Limb Model
Fatigue development rate is joint specific, and the shoulder fatigues much faster than the elbow or wrist during arm movements [23] . Therefore, we assume that arm fatigue is mostly attributable to shoulder-joint fatigue, and the shoulder-joint strength is the most relevant design-related parameter for mid-air interaction.
Estimating shoulder fatigue using the TCM model requires two inputs: the maximum joint torque (T max ) and the timecourse of torque exerted at the joint (T (t)). Our new method to estimate T max will be discussed in the next section. Here we briefly introduce a standard procedure to measure the shoulder joint torque T (t) based on a biomechanical arm model [15] . We model the upper limb as rigid bodies (links) connected in series by joints [45] . Figure 3 shows the model defined by a 4 degree-of-freedom (DOF) serial chain (shoulder:3, elbow:1). The biomechanical arm model equations and the Newton-Euler inverse dynamics procedure [15] to compute the shoulder torque (T ) are provided in the Appendix.
Estimating Maximum Shoulder Torque
To estimate the muscle strength of users, we propose a procedure where users perform a fatiguing exercise by holding a weight in the air. This procedure eliminates the need of a force sensor and dynamic measurements for estimating the maximal shoulder torque. In this isometric exercise, users are asked to flex the shoulder and maintain the arm in the horizontal position while holding a weight (e.g., 1.36 kg for female and 2.27 kg for male subjects). To guide subjects in maintaining this posture, a simple pointing task is designed. A circular target is fixed at the same height as the shoulder, and placed in front of the body at maximum arm extension (see Figure 4 (b)). The target is displayed on screen, and can only be "touched" when the user holds the correct posture.
We compute the time course of the shoulder torque T (t) using the upper limb biomechanics model and measure the endurance time while subjects perform the isometric exercise. The subjects are assumed to exert constant shoulder torque for this isometric test, and we compute the average shoulder torque exerted during the exercise (T avg ). We use the equation of maximal shoulder capacity (%MVC) and endurance time (ET) experimentally derived by Mathiassen et al. [41] : ET = a * exp(−b * %M V C), where %MVC is the ratio of current and maximum shoulder torque (T current /T max * 100%), and a and b are experimentally defined constants (40.609 and 0.097). To find the maximum torque T max , we invert Mathiassen's equation as:
This yields an estimate of the the maximum shoulder torque (involving the anterior deltoid, coracobrachialis, biceps, and pectoralis major muscles). We compare this indirect measurement with traditional sensor-based ones in our experiments.
EXPERIMENTAL METHODS
With the two experiments described below, we validate (1) a method to estimate maximal shoulder-joint torque using kinematic measurements with the Kinect camera and (2) the threecompartment muscle (TCM) model for estimating cumulative shoulder fatigue during mid-air interaction. We focus on a "virtual hand" mid-air pointing task, a fundamental mode of interaction in 3D user interfaces.
General Setup
We used a Microsoft Kinect sensor and the corresponding SDK to track arm movements. Data were sampled at 50
Sensing and Input CHI 2017, May 6-11, 2017, Denver, CO, USA frames/second using a laptop with a Core i7 2.90GHz CPU and 16 GB RAM. The computer was connected to a shortthrow projector to display the task interface. The physical size of projected screen on the wall was 1.6×0.95 meter, and the Kinect camera was located 1 meter in front of the screen and 1 meter above the floor. Participants stood 3 meters in front of the screen. The setup was identical for both experiments. Joint torques were obtained from the camera data using the inverse dynamics computations described in the Appendix. A moving-average filter (15 th order) was used to smooth the joint-torque trajectories.
Mid-Air Pointing Tasks
To systematically collect arm movements and analyze resultant arm fatigue, we designed a mid-air pointing experiment based on the ISO 9241-9 standard [35, 52] , to minimize the impact of confounding factors on the subjective fatigue measurement during the pointing tasks. This task has participants point at a circle of targets with a given width in a sequence that matches the movement distance to the circle diameter (see Figure 4 (e)). Haga et al. [25] noted that task difficulty significantly affects subjects' perceived fatigue. In our experiments, we aim to measure perceived fatigue level only affected by muscular effort, not by task difficulty. We observed during pilot studies that learning affects the perceived fatigue. Consequently, it is important to provide enough training time and ensure that the pointing task was not too challenging. Thus, we decided to fix the task difficulty by using a single index of difficulty (ID). We also noticed that the tracking performance of the Kinect can affect the ID of pointing tasks as it may interfere with movement time and error rate. In our pilot studies, we tested a range of target widths (5.0 to 15.0 cm) with a fixed distance (30 cm) to identify those that show no degradation of pointing performance in terms of throughput. In the end, we decided to use a target width of 10 cm width at 30 cm distance, corresponding to an ID of 2.18.
Participants
We recruited 24, right-handed volunteers (20 male, 4 female) from the local university campus. The age ranged from 20 to 34 years (M = 25.5 yrs); height ranged from 154 to 185 cm (M = 174.1 cm); weight from 48.1 to 112 kg (M=73.6 kg); upper arm length from 25.5 to 38 cm (M=33.5 cm); lower arm length from 22.5 to 29.5 cm (M=26.8 cm); and hand length ranged from 17.5 to 22 cm (M=20 cm). No subject had a musculoskeletal disorder or neurological disease. The average duration of experience with mid-air interfaces ranged from 0 to 5 years (M=0.6 yrs). 
Design
Each subject first performed a training session. Subsequently, he/she performed two experimental tasks: (1) maximum shoulder torque generation and (2) mid-air pointing.
Training
Pilot testing confirmed that subjects learned the pointing tasks within a few (< 5) minutes, and that learning affected subjective fatigue ratings. Therefore, to minimize any potential impact of learning on the perceived exertion, we provided at least 5 minutes of training where subjects practiced the experimental pointing task (Exp. 2). After the training session, we provided at least 5 minutes of rest time to minimize any fatigue effects from the training.
Borg [11] observed that by providing appropriate verbal anchors and instructions with corresponding muscular sensation, the fatigue ratings can be used to compare interindividual differences. We adopted Borg's technique and provided detailed instructions on using the Borg CR10 scale with verbal anchoring (see Table 1 ). The Borg CR10 scale and Table 1 were displayed on screen throughout the experiments.
Exp. 1: Maximum Shoulder Torque Measurements
In this session, we measured the maximum shoulder torque of each subject using two methods: (1) direct measurement using a force sensor and (2) indirect measurement based on an isometric fatiguing exercise.
To directly measure the maximum shoulder torque, we used a dynamometer (MicroFET2, Hoggan Scientific LLC) fixed on a test rig. Figure 4(a) shows an overview of the set-up where the dynamometer (green box) is fixed to a test rig at the same height as the shoulder. Subjects were encouraged to exert maximal upward force with their right arm against the dynamometer. Following the direct maximum torque measurement procedure described by Mathiassen et al. [41] , we recorded the best of three trials, each lasting 3 seconds, with a 2 minute interval between repetitions as the maximum force F max . We calculated the maximum shoulder torque as:
where T max,D is the maximum shoulder torque obtained from the direct force measurement; L U A and L LA are, respectively, the upper and lower arm length; m U A and m LA are, respectively, the mass of the upper and lower arm; m H Sensing and Input CHI 2017, May 6-11, 2017, Denver, CO, USA is the mass of the hand; G is 9.81 m/s 2 ; and C is the distance between the shoulder joint and the center of mass of the arm.
In the isometric exercise, we followed the procedure of indirectly estimating maximum shoulder torque described in the previous section. Subjects were asked to hold a weight (2.27 kg for males and 1.36 kg for females, to account for expected gender-based strength differences) in their dominant hand, flex the shoulder till the arm was horizontal and maintain this posture till failure. Subjects saw feedback of their pointing position on screen. We measured the endurance time as the duration between the start of the trial and when subjects indicated volitional failure to maintain the arm posture, or when the hand position was below the target for over 2 seconds. The average torque T avg exerted by their shoulder was computed using inverse dynamics (see the Appendix). Then we obtain the indirectly measured maximum shoulder torque T max,I using Equation 1. During this trial, subjects were required to report their current Borg rating every 20 seconds. These ratings were not utilized for further analysis, but the exercise provided the subjects with Borg rating experience before the next experimental task.
Exp. 2: Mid-Air Pointing Experiments
The main goal of this experiment is to collect subjective fatigue ratings and corresponding biomechanics measures. Then, we aim to generate a cumulative fatigue model that accurately describes the relationship between the two variables. To study this relationship in a principled way, we first need to identify what factors in the interaction design decisively affect cumulative fatigue.
In prior work [30, 31] the authors observed that users get more rapidly fatigued when their arm moves higher from its resting position and extended further away from the body. We chose to investigate the height of the interaction zone as an experimental condition with a fixed range of arm extension, specifically a posture at approximately half of maximum arm stretch. Rest periods are also a decisive factor contributing to cumulative fatigue: the less rest we take, the more we get fatigued. We chose to control these two variables in our study design directly (2×2 experiment conditions). Then we further investigate the applicability of the model for estimating subjective fatigue in different interaction conditions. Figure 4 (e) shows the targets arranged on a 2D plane at two different locations (see Figure 4 (c),(d)), one at shoulder level and the other midway between the shoulder and waist.
Pilot tests revealed that if subjects perform mid-air tasks in all four conditions (i.e., at least four mid-air pointing tasks in a series), subjects had a higher chance to experience learning and pre-fatigue effects. Thus, we designed our experiment with rest period conditions as a between-subject factor and interaction space conditions as a within-subject one. Each group had 12 participants (2 females), and subjects were given two randomly ordered interaction space conditions. Each group experienced a different order of rest periods -[20s-5s-15s-10s] for group 1 and [5s-10s-20s-15s] for group 2 -during approximately 5 minutes of pointing tasks.
Procedure
We first introduced the entire experimental procedure to the subjects, and surveyed their current physical state and mood along with background information. Then an experimenter measured the body segment parameters of subjects including total weight, height, upper arm length (shoulder to elbow), lower arm length (elbow to wrist), and hand length (wrist to the third finger tip). Based on these measurements, we computed the inertial properties of each upper limb segment based on De Leva's estimation method [16] , and used those for the inverse dynamics computations (see Appendix for details).
Next, subjects started the training session for the mid-air pointing tasks. They performed all interaction space conditions in the main experiments with the guidance that they should "hit as many targets as possible while keeping good pointing accuracy". This is a typical instruction given for Fitts' Law studies, and used to spur the subject's motivation and effort in performing the tasks. We used the same instruction in the second sub-experiment (Exp. 2) to induce and maintain non-trivial arm fatigue during the tasks. After the training session, subjects had at least 5 minutes of rest.
Subsequently, subjects performed the direct maximum shoulder torque measurement. There were three blocks in this measurement consisting of 3 seconds of maximal force exertion and 2 minutes of rest. After the direct force measurement, we provided at least 15 minutes of mandatory rest to ensure no after-task interference, as done in traditional procedures [41] . Then subjects performed the isometric load exercise till they experienced task failure. This was followed by another 30 minutes of mandatory rest.
After this break, we started the mid-air pointing section (Exp. 2). There were two experimental conditions in this session. Each sub-task consists of four task blocks, and each block includes 1 minute of a pointing task and either one of 5, 10, 15, and 20 seconds of rest period (see Fig 5) . Subjects took 30 minutes of mandatory rest in between sub-tasks to ensure that there is no interference from prior sub-task. Subjects provided Borg ratings every 20 second during the pointing tasks, and at the start and end of the rest period.
RESULTS
Here we first compare the indirect maximal shoulder torque estimates with the sensor-based direct measurements. Second, we show the effect of rest periods on the Borg ratings. Lastly, we investigate the performance of the TCM model in estimating the subjective fatigue level during mid-air interaction. Table 2 shows the all experiment conditions presented in the mid-air pointing experiments (Exp. 2). In the rest of this section, we denote group 1 and 2 as G1 and G2, and the
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high and low interaction zones as H and L. Then, we further analyze the factors on the estimation performance.
Validating Indirect Maximum Muscular Strength Measure
In the isometric load exercise (Exp. 1), we recorded the endurance time and the averaged shoulder torque (T avg ). By using these measures in Equation 1, we computed the indirect maximum shoulder torque (T max,I ). We also recorded the maximum shoulder force exerted toward a dynamometer and computed the direct maximum shoulder torque (T max,D ) from the force measures. We compared these two measures by evaluating %error=
and absolute error = |T max,I − T max,D |. Figure 6 shows the errors between T max,I and T max,D . Results show only 6.1 N m (SD=5.0) absolute error and 8.4% (SD=6.21%) relative error. A paired-samples t-Test showed no significant difference between T max,I and T max,D (t(23)=1.576, p=0.129). Figure 7 shows the averaged Borg ratings for each experimental conditions. In Figure 7 (a), G1-H shows a slow development of fatigue relative to G2-H. This is expected, as G1-H has 20 seconds rest in the first task block while G2-H has only 5 seconds rest. Thus, G2-H is a more fatiguing task condition compared to G1-H. A similar trend is visible in Figure 7(b) , where G1-L and G2-L are compared. Both rest period conditions ultimately lead to arm muscle fatigue as the average Borg ratings reach their maximum towards the end of the last task block. The introduction of shorter rest periods at the beginning of the tasks seems to affect the overall fatigue level as the highest averaged Borg rating was 6.54 and 3.79 in G1-H and G1-L respectively, while G2-H and G2-L were 6.13 and 3.50. Figure 7 also shows the range of Borg ratings across all subjects. There are large variations across subjects in Borg ratings (average variation range=3.2, min=1, max=6).
Borg CR10 Scale Ratings across Subjects

Model Performance in Estimating Perceived Exertion
To evaluate the performance of the model in estimating subjective fatigue, we performed multiple cross-validations on interaction conditions and subjects. We also drew a comparison with an existing fatigue metric (CE [30] ). 
Cross-Validating Interaction Space Conditions
To investigate the applicability of the cumulative fatigue model to different interaction space conditions-higher or lower interaction space-we designed a cross validation test where the model is optimized only with either one of interaction zone conditions. Then we tested it on the data set of the other condition. The cross-validations are performed in each group separately to see the performance in isolation without the potentially confounding effects of rest periods. In total, there were four cross-validations in this experiment, G1-H ↔ G1-L (2) and G2-H ↔ G2-L (2). Figure 8 
Between Subject Groups in Different Conditions
To demonstrate the applicability of the model to different conditions, such as the order of rest period and subjects, we designed a cross validation where the model is optimized using either one of two group's data. Then the model is tested with the other group's data. In this validation, we can evaluate how well the model can be used in different situations. There were total four cross-validations: G2→G1-H/L (2) and G1→G2-H/L (2). 
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CHI 2017, May 6-11, 2017, Denver, CO, USA Figure 9 . Results of the leave-one-out cross-validation of the model across all subject data. Green-upward/downward triangles: upper/lower bound of ground truth, blue circles: averaged ground truth, black crosses: TCM estimates, red circles: averaged TCM estimates, orange circles: averaged CE [30] estimates, purple circles: averaged CE estimates on the subject data with average %MVC above 15% (only observed in G2-H condition).
cross validation results between groups, we performed a paired t-test. Results showed no significant difference in the averaged RMSE (t(47)=-0.713, p=0.479). Thus, we conclude that the between group conditions did not affect the estimation performance of the model.
Effect of Interaction Conditions on Fatigue Estimation
To investigate the effect of task conditions-interaction zones and rest period order-on the estimation performance measured in RMSE, we performed a mixed factors ANOVA test with rest period order as between-subject factor and interactions zones as within-subject factor. We optimized the model using all data collected from the experiments (24 subjects × 2 interaction tasks), and obtained the model parameters as F = 0.0146 and R = 0.0022. The ANOVA results showed that there is no significant interaction effect between rest order and interaction zone (F 1,22 = 0.026, p = 0.874); no significant difference between rest order conditions (F 1,22 = 2.361, p = 0.390); but also that the interaction zone conditions are significantly different (F 1,22 = 26.812, p < 0.001). Overall, the upper interaction zone (RMSE-M=1.52, SD=0.76) showed higher fatigue estimation errors compared to the lower condition (RMSE-M=0.98, SD=0.54).
The parameter optimization discussed above is ecologically less sound since it was performed using all subject data. To illustrate the robustness of our results, we decided to perform a leave-one-out (LOO) cross-validation for the fatigue models generated for each subject. For example, the first subject's data is excluded from optimizing the model, so that we can also test the model toward unseen subject's data. We assume that the RMSE measured using each model is independent from each other (i.e., only one data is eliminated in the optimization, and it does not affect the model parameters). We performed the same mixed factors ANOVA test, but with the models generated from the LOO cross-validations. With this, we obtained similar results in that there is no significant interaction effect between rest order and interaction zone (F 1,22 = 0.109, p = 0.745); no significant effect of the two rest order conditions (F 1,22 = 3.589, p = 0.071); and a significant effect of interaction zone conditions (F 1,22 = 17.350, p < 0.001). Similar to the previous ANOVA test, the upper interaction zone (mean RMSE=1.50, SD=0.74) showed higher fatigue estimation errors compared to the lower condition (mean RMSE=1.03, SD=0.56). Based on these two congruent ANOVA test results, we conclude that the estimation performance of the TCM model is less affected by changes of rest duration compared to interaction space conditions.
Comparison with Consumed Endurance Metric
To compare the estimation performance of our model with an existing fatigue metric, Comsumed Endurance (CE [30] ), we computed CE on all subject data used in the LOO crossvalidation test. For CE, we used each subject's maximum shoulder torque and the torque profile measured during the pointing tasks. The averaged %MVC (= T /T max * 100%) for each subject observed during the pointing tasks was 11.79% (Range= [8.11,17.43] ). We converted CE estimates to the Borg scale with CE * 0.1 = Borg, as identified by Hincapié-Ramos et al. [30] . The total interaction time for CE included both active and rest periods. As CE only quantifies instantaneous fatigue, we used averaged CE values of each period in between Borg ratings to estimate cumulative fatigue. Figure 9 shows an overview of the results for the TCM model (ours) and CE across all subject data. The averaged TCM estimates (red circles) mostly follow the trend of averaged Borg ratings (blue circles). Also, individual Borg estimates (black crosses) are well within the min-max bounds (green triangles) of the Borg ratings. As CE automatically yields a fatigue level of zero for behaviors that induce exertion below 15%MVC, CE fails to properly quantify the fatigue level in all conditions. As our tasks mostly involved exertion below this threshold (avg. Figure 9 (c) (purple circles), CE tends to almost monotonously increase while underestimating fatigue levels. Also, CE estimates drop suddenly close to zero during rest periods, failing to capture the continuity of fatigue.
In contrast to CE, our TCM model does not limit the range of exertion when estimating cumulative fatigue. Also, our model considers both rest and active periods, and correctly predicts cumulative fatigue for intermittent task periods.
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Inter-individual Factors on Model Performance
We examined the potential effect of (1) subject's background (e.g., age, overall tiredness, experience with mid-air interfaces), (2) physical measurements (weight, height, limb length), and (3) variables collected during the maximum torque estimation (errors in the estimation, endurance time, maximum torque) on the errors in estimating subjective fatigue. We performed a Pearson's product-moment test with these individual variables, and none of them showed a significant correlation with the estimation errors. We further examined the relationship between Borg ratings and shoulder joint torque. These two parameters are directly used in both optimizing and evaluating the fatigue model, so it is worth investigating their effects on the estimation performance. In particular, we examined the ratio (r B/T ) between Borg ratings and shoulder joint torque during the mid-air pointing tasks:
Tavg , where Borg avg is the average of Borg ratings and T avg is the average of shoulder torques collected from a subject performing a mid-air pointing task. We performed a linear regression analysis between r B/T and RMSE measured in the leave-one-out cross validation with all data. Results showed that there was a strong correlation between the estimation error and r B/T (F 1,46 = 109.148, p < 0.001) with an R 2 of 0.704. A multiple linear regression was further calculated to predict the RMSE based on both factors Borg avg and T avg . Results showed that the two factors explained 70.4% of the variance (R 2 = 0.704, F 2,45 = 53.401, p < 0.001). However, only Borg avg was a significant predictor (β = 0.687, p < 0.001). This can be explained by (1) a significant correlation between subject's internal variability of Borg ratings and estimation errors and (2) limitations of the linear function (φ(·)) mapping Borg ratings to the estimate fatigue level M F .
DISCUSSION
Our results validated the value of our approach for estimating subjective fatigue only using a camera-based skeleton tracking system instead of expensive and hard-to-access methods that are impractical for HCI.
Simple and Effective Shoulder Torque Measures
A comparison between our indirect maximum shoulder torque measurement through a simple mid-air pointing task showed no significant difference compared to traditional methods. To our knowledge, this is the first method to estimate an individual's maximum shoulder torque with only vision-based skeleton tracking sensors. We envision that our simple but effective method can be used in various HCI scenarios. For example, personalized training programs for Kinect-based at-home therapy applications [57] could be adapted to each individual's strength using our method.
Reliable Performance in Estimating Subjective Fatigue
Our results showed good estimation of subjective fatigue (maximum-mean-RMSE=1.95 (SD=0.87) observed in G2-L2H, minimum-mean-RMSE=0.79 (SD=0.29) observed in G2ToG1-L). Given the variability in subjective evaluations of fatigue, we believe that our model did well in generating such low errors. This approach is a significant stepping-stone to investigate the relation between subjective and objective fatigue. The computational complexity for implementing our algorithm is low, and it is implementable in real-time (50Hz).
Limitations and Future Work
While our model showed overall good estimation performance (overall-RMSE=1.46 in the LOO cross-validation), we identified some limitations that should be addressed in future work. First, our proposal is based on an assumption that through properly transforming biomechanical information we can estimate the perceived exertion level. However, as subjective fatigue is influenced by both physiological and psychological changes, there are several potential factors that could not be modeled with our two parameters. In the experiments, we observed that some subjects indicated much higher Borg ratings than what one might expect. For example, subject 19 reported about 8 to 10 %MVC while performing the pointing tasks, but indicated the highest Borg ratings-expressed in his native language-among all participants. This suggests that this subject may experience fatigue and rest differently compared to others (i.e., beyond the normal range for F and R parameters). Such inter-individual difference should be further studied to reduce estimation errors. Second, our current assumption of a linear mapping between the perceived exertion and the maximum joint force should be revisited. Some psychophysical relations between muscular intensity and perceived exertion ratings can be described by power functions [12] . In the future, we will focus on identifying such a mapping function for a focus group of subjects.
We also plan to extend our approach to broader and complex interaction scenarios. For example, we can apply the TCM model to other mid-air interaction tasks (e.g., rotation, docking) by fitting the model parameters, as long as the corresponding data (joint torque, Borg ratings) is available. In general, fatigue is task-dependent [19, 20] , and different model parameters might be needed for different tasks.
We are also looking at testing the model on tasks that involve highly-trained movements during interaction with varying rest periods, such as playing gesture-based games. Our model already quantifies the effect of rest on cumulative fatigue well, but it might be possible to improve estimation accuracy for varying rest periods via weighted optimization.
CONCLUSION
We presented a framework for evaluating subjective fatigue using only a vision-based skeleton tracking system. First, we proposed an indirect method to estimate the maximum shoulder torque through a simple mid-air pointing task. Comparison with traditional sensor-based direct measures showed no significant difference between the two methods. Second, we applied the three-compartment muscle model for estimating subjective arm fatigue. To our best knowledge, this is the first attempt to quantify cumulative subjective arm fatigue in a continuous task involving rest periods using only biomechanical information generated by a vision system. Overall, our model showed good estimation performance in multiple cross-validations. Statistical analysis revealed that the model's performance was robust to changes in the duration
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CHI 2017, May 6-11, 2017, Denver, CO, USA of rest, but relatively less robust to changes of the interaction zone. Moreover, our model outperformed an existing fatigue metric (CE [30] ) as ours has no limits on the range of exertion considered and takes rest correctly into account.
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Source Code Availability
The fatigue model implementation and the biomechanical upper limb analysis will be released on the project website: http://www.tinyurl.com/cumulative-arm-fatigue
APPENDIX: BIOMECHANICAL ARM MODEL
In Figure 3 , four cylinders represent 1-DOF revolute joints (J 0 ∼J 3 ), and vectors z 0 ∼ z 3 indicate their respective rotation axis. The first three joints (J 0 ∼J 2 ) share the same position at the shoulder joint, and J 3 is attached at the elbow joint. Thus, the arm is a 4-DOF serial chain (shoulder:3, elbow:1). J i connects i th and (i + 1) th link, and the link 0 is fixed to the ground body. The coordinate frame 0:( x 0 , y 0 , z 0 ) is the base, and its origin is at J 0 . The frame i:( x i , y i , z i ) is attached to link i, and its origin is at J i (i ∈ [1, 2, 3]). Lastly, the frame 4:( x 4 , y 4 , z 4 ) is fixed at the end of the lower arm (wrist joint).
Kinematic Analysis
We use De Leva's standard approach [16] The orientation of each joint axis is specified using the Denavit-Hartenberg (D-H) notation [18] . Table 3 
Newton-Euler Inverse Dynamics
To compute joint torques from a given arm motions represented by the biomechanics model, we use a recursive Newton-Euler dynamics formulation (RNE) [15] . It first computes velocities and accelerations of each link from the 1 st to 4 th link, and then computes joint forces and torques in reverse order. Thus, the effects of forces and torques are propagated from the last (distal) to the first (proximal) link: Outward recursion (1 → 4):
Inward recursion (4 → 1): 
